Abstract. Robust predictive models of the effects of habitat change on species abundance over large geographical areas are a fundamental gap in our understanding of population distributions, yet are urgently required by conservation practitioners. Predictive models based on underpinning relationships between environmental predictors and the individual organism are likely to require measurement of spatially fine-grained predictor variables. Further, models must show spatial generality if they are to be used to predict the consequences of habitat change over large geographical areas.
Introduction
A fundamental problem of conservation is the need to predict changes in the abundance and distribution of organisms as a result of changes in their habitats.
Anthropogenic changes increasingly affect large areas because they are the consequence of policy changes that have an impact on large areas of governmental influence (e.g. the European Union). In Europe, the impact of intensification of land management practices under the Common Agricultural Policy (CAP) has had continent-wide consequences for both individual species (e.g. corncrake Crex crex (Green 1996) , skylark Alauda arvensis (Schlapfer 1988 , brown hare Lepus europaeus (Tapper 1992) ) and entire communities (Pollard and Eversham 1994 , Campbell et al. 1997 , Newton 1998 . Amongst birds, more species are exhibiting population declines and are of higher conservation priority in agricultural habitats than in any other major habitat type (Tucker and Heath 1994 , Tucker and Evans 1997 , Krebs et al. 1999 .
Given the proven scale of the consequences of policy-driven land use change on biodiversity, it is essential to be able to predict the effects of possible changes before decisions are taken on their implementation. Successful prediction depends on models of species-habitat relationships. However, predictive models often compromise extent and resolution. Where predictor variables are spatially coarse grained and thus measurable with relative ease over large geographical areas, the relationships revealed may not reflect underpinning biological mechanisms, and may even mislead. In contrast, models which are more easily interpreted in terms of the underlying biological mechanism usually rely on estimation of variation in spatially fine-grained predictor variables (e.g. Milsom et al. 1998) . The robustness of species-habitat models must be proven over large areas if the models are to be of predictive value to decision-makers considering widespread land-use policy changes. If spatial variation in the predictor variables is fine grained, obtaining these data over large geographical areas by manual methods would involve very high levels of field effort that are unlikely to be time and cost-effective.
Remote sensing could remove the constraints imposed by the difficulty of manual collection of environmental data over large areas. However, many of the models developed to date with satellite imagery use relatively coarse-grained habitat data, and are therefore only useful where the organism of concern has habitat requirements that can be identified adequately at coarse scales (e.g. Avery and Haines-Young 1990) . In contrast, recent developments in airborne scanning laser altimetry (LiDAR) allow the measurement of terrain and vegetation height at high vertical and horizontal resolution. LiDAR can produce maps of surface height over large areas with an rms. height accuracy of 10-15 cm and a horizontal resolution of c. 1 m, and both ground and vegetation heights may be estimated (Flood and Gutelius 1997) . LiDAR data, in conjunction with contemporaneous high resolution multi-spectral data, can thus supply much information on landscape and vegetation structure and type, and at a scale which matches that of fine-grained predictor variables used in organism-habitat models. Below it is argued that species population densities could be predicted over large areas using habitat predictor variables derived from LiDAR and multi-spectral data. Birds, in particular the skylark, are considered as example species, but it should be apparent that the technique could be extended to cover other taxa.
In agricultural landscapes the persistence of many breeding bird populations is related to landscape structure characteristics, such as sward height and habitat unit (field) size and enclosure (e.g. lapwing Vanellus vanellus (Galbraith 1988, Johansson and Blomqvist 1996) ; skylark ; corncrake (Green 1996) ; stone curlew Burhinus oedicnemus (Green and Griffiths 1994) ). The skylark is particularly appropriate for a study evaluating the utility of LiDAR for predicting bird numbers and distribution; it is in widespread population decline and is of conservation concern in the UK and Europe Heath 1994, Siriwardena et al. 1998) . Powerful predictive general linear models, underpinned by causal processes, already exist which explain substantially the breeding distribution of skylarks at a field-by-field scale. Wilson et al. (1997) found that skylarks avoid fields with tall, dense vegetation cover, or surrounded by tall boundary structures or unsuitable habitats such as woodland. Recent changes in agricultural land use and intensity of management have resulted in structurally uniform, dense, fast-growing crops. Key predictors of abundance for this species on individual fields thus combine fine-scale sward variables that depend entirely on the current year's agricultural management (e.g. crop type, vegetation height, fractional vegetation ground cover and within-field heterogeneity in the measures) with others that characterize the more permanent 'skeleton' of the agricultural landscape (e.g. field boundary height and field area).
All of these predictor variables can be collected using LiDAR and high resolution multi-spectral sensors over much larger areas (w1000 ha) and at higher sampling densities than can reasonably be obtained by ground survey. This should result in significant improvements in cost-efficiency and accuracy in the modelling of the distributions of birds such as skylarks.
This paper first briefly discusses bird-habitat association modelling, with particular reference to the skylark. The ability of LiDAR to measure topographic and vegetation height and, in particular, within-field vegetation height, is then considered. A range image segmentation system for LiDAR data is described which allows measurement of skylark habitat predictor variables such as within-field vegetation height, boundary height and shape for individual fields within the LiDAR image. Additional variables such as field vegetation type and fractional vegetation ground cover may be obtained from co-registered multi-spectral data. These techniques could have wide application in testing the geographical generality of relationships between populations and habitats, and in ecological monitoring of change in habitat structures and the associated effects on wildlife, over large geographical areas.
Methods

Skylark population density modelling
As with species distribution models in general, a number of different types of bird population density model exist. The simplest type is the statistical model (usually based on linear regression) that relates numbers of birds counted in the field to predictor variables describing bird habitat, such as field size and vegetation type. As an example, multivariate general linear and log-linear statistical models predicting the number of skylarks per field have been developed using data from five farms near Faringdon in Oxfordshire, UK, in 1994 , Swetnam et al. 2001 . Variation in territory density was explored, using the field as the sampling unit, and with each field providing one datum per year. A set of predictive habitat variables was acquired by manual techniques. These variables, together with descriptions of their measurement techniques, are given in table 1. For each field, the habitat variables with discriminating power included field area, shape (circularity), slope and boundary structure height index, vegetation type, mean vegetation height, spatial variation in vegetation height, mean fractional vegetation ground cover and spatial variation in fractional vegetation ground cover. The latter four variables were measured by taking samples at several points along a diagonal transect across each field. The models developed show a very good fit with the observed data (number of skylark territories per field) and can therefore be used with some confidence on these sites , Swetnam et al. 2001 . All the variables listed in table 1 can be measured using remote sensing. Other predictor variables employed included farm type (e.g. organic or intensive) and geographical location.
Remotely-sensed data acquisition
Data from two test sites were used in this study (figure 1). LiDAR data from about 5 km 2 of lowland farmland near Faringdon in Oxfordshire, UK, were acquired in July 1998, together with contemporaneous Airborne Thematic Mapper (ATM) and ground reference data. LiDAR data were also acquired for a larger area of about 140 km 2 in the Severn river catchment near Shrewsbury, Shropshire, UK in June 1999, again with contemporaneous field measurements. Both LiDARs were Optech ALTM1020 systems. Only for the Faringdon site were simultaneous LiDAR and ATM data acquired. Unfortunately the LiDAR data for this area were corrupted by high frequency noise at higher scan angles, so that only a narrow swath about nadir was usable. This meant that adjacent swaths did not overlap so that full coverage of the scene was not obtained.
Height measurement using LiDAR
The Optech ALTM1020 LiDAR is a pulsed system that transmits a laser pulse and determines the distance from the aircraft to the surface (the vegetation canopy or the ground) by measuring the time delay between transmission and receipt of the last Each field boundary section (length between intersections) coded as 0 (no vertical structure), 1 (hedge v2 m tall), 2 (hedge w2 m tall), 3 (hedge with trees), 4 (woodland edge). Index for field derived by multiplying each section's length by its code value, summing over all boundaries for that field and dividing by the field perimeter Mean vegetation height
To nearest centimetre using a sward-stick at each of a minimum of 10 equidistant points on a diagonal transect across the field Spatial variation in vegetation height
Standard deviation of heights along above diagonal transect
Mean fractional vegetation ground cover % cover estimated in a 0.560.5 m quadrat at each of a minimum of 10 equidistant points on a diagonal transect across the field Spatial variation in fractional vegetation ground cover
Standard deviation of % cover along above diagonal transect significant return of the pulse (Flood and Gutelius 1997) . The instantaneous aircraft position is determined using GPS and an inertial navigation system measuring roll, pitch and yaw. The LiDAR is scanned from side to side orthogonal to the flight direction resulting in a saw-tooth scan pattern. For both test areas, the aircraft was flown at approximately 65 m s {1 and 800 m height whilst scanning to a maximum of 19 ‡ off-nadir at a scan line rate of 13 Hz and a laser pulse rate of 5 kHz. This resulted in a ground swath width of about 550 m and a mean sampling density of one spot height per 9 m 2 . As the laser spot size at the ground is only about 15-20 cm, less than 0.5% of surface heights are sampled. The systems used in this study measured only the time of the last significant laser return. Each spot height represents the height of incidence of the narrow laser pulse with the ground, the top of the vegetation canopy or some point in between. A particular thrust of the research carried out using first profiling and then scanning LiDARs has been the determination of forest stand characteristics such as tree heights (e.g. Nelson et al. 1984 , Naesset 1997 , Means et al. 1999 . A minimum of 20-30% of pulses penetrate to the forest floor in coniferous forests, while the remainder are reflected from various heights in the canopy (Flood and Gutelius 1997 ). An estimate of mean tree height at a point can therefore be obtained by subtracting the local minimum height from the local mean height.
Less research has been carried out to determine heights of other types of vegetation. The ability of last-return LiDAR to provide within-field vegetation height was tested in a study using the Faringdon data by Davenport et al. (2000) . A range of crops was tested including grass and clover ley, permanent pasture, spring and winter barley, and winter wheat. The detrended LiDAR height distributions for a total of 18 fields were examined. For each field, a histogram of the differences in heights from the local average height was constructed. These histograms were approximately normally distributed about zero height difference, with the histogram for a flat unvegetated surface exhibiting a small spread, and the histogram from a field of winter wheat exhibiting a much larger spread. It was apparent that, for the vegetated surface, some pulses reflected from the ground, some from the top of the vegetation and most from within the vegetation. As they were normally distributed about zero mean, the histograms could be parametrized by their standard deviations. A linear relationship was found to hold between manually surveyed crop heights and LiDAR-measured height standard deviations (s D ). Cobby et al. (2001) combined these data with LiDAR and survey data from a further 37 fields from the second test area near Shrewsbury, and found that the best fit to the combined dataset had a logarithmic form:
with an R 2 value of 0.80 and an rms error between predicted and surveyed crop heights of 14 cm. This is close to the 10 cm mean crop height accuracy required by ornithologists for bird population density studies. No significant difference was found between the results from the two widely separated test areas, giving confidence that the method could be applied in other areas also. Insufficient data were available to test whether different crop types gave different relationships. As a standard deviation is a robust measure that can be determined locally using relatively few height samples, the method also allows local crop heights and, hence, within-field height heterogeneity to be measured to a similar height accuracy. Note that equation (1) is an empirical relationship that does not rely on a certain fraction of pulses hitting the ground, as is the case with tree height determination. It may change if crop density changes significantly, though appears reasonably independent of laser look angle for the range considered here.
Image segmentation
A range image segmentation system for LiDAR data has been developed aimed at a number of environmental applications (Mason et al. 1999 , Cobby et al. 2001 . Its objectives are to convert the input height image into output raster images of surface topography and vegetation height at each point, and to attach a region label to each pixel. In order to cope with the very large (c. Gbyte) images generated using LiDAR, the segmenter has been implemented within a spatial database management system capable of handling raster and vector images held in tiled form in an integrated fashion, which uses its own memory management system for image tiles (Mason et al. 1993) .
Details of the segmentation algorithm are given in Cobby et al. (2001) , where it is used to provide surface topography and vegetation height maps for calibration and validation of a 2D river flood flow model. A summary of the main features is given below. The various segmentation stages are illustrated using a LiDAR sub-image from the Shrewsbury test site measuring 5.6 km63 km.
In a preprocessing step, the saw-tooth LiDAR scan pattern is sampled onto a regular (in this case 2 m) grid to ease subsequent image processing operations. To avoid loss of resolution, all subsequent processing is carried out on the raw data after gridding rather than on an interpolated form of these. The raw data for the Shrewsbury subscene are shown in figure 2(a) -this exhibits higher sample densities in swath overlap regions. An image more suitable for viewing may be obtained by interpolating the raw gridded data ( figure 2(b) ). In figure 2(b) , blank pixels correspond to regions of water, for which no reflections are received at off-nadir scan angles.
The algorithm can be divided into three main stages:
& texture measurement and detrending; & region identification; & topographic and vegetation height extraction for each region.
Texture measurement and detrending
The algorithm segments on the basis of local texture in the height image. The texture measure derived at each pixel is the standard deviation of the pixels in a small window (c. 10 m side) centred on the pixel. Regions of short vegetation should have low texture measures, and regions of tall vegetation larger values.
A window's standard deviation may be raised erroneously if a substantial slope exists in the underlying topography over the window side. To remove low frequency trends, the image is first subjected to a detrending step that produces an initial rough estimate of ground heights over the whole image. This is achieved using a windowing operation scanning the image using non-overlapping windows.
If the standard deviation in a window is low, it is assumed to lie in an area of short vegetation. Small windows centred at the four corners of the window are examined, and for each of these a set of minimum height values is extracted and averaged. An initial estimate of ground height at each window pixel is obtained by bilinear interpolation of the average values at its four corners.
If a window's standard deviation is high, the pixel is assumed to lie in a tall vegetation region. In this case, the underlying topography is interpolated using a method which exploits the fact that a significant fraction of laser pulses usually penetrate to the ground in such regions. At each point, a set of nearby sample heights is selected that are local minima. Samples are selected to achieve an approximately isotropic distribution around the point whose height is to be interpolated. Interpolation is performed using inverse distance weighting of sample heights.
The underlying trend is subtracted from the original image, and the detrended image is used in subsequent stages. The standard deviation image based on the detrended image is shown in figure 2(c).
Region identification
Adjacent pixels are agglomerated into regions of similar vegetation height on the basis of local texture, using a distance transform approach. The resulting image is thresholded so that regions of tall vegetation (w1.2 m) are above threshold, and regions of short vegetation below threshold. The thresholded image is then converted to a binary edge image ( figure 2(d ) ). At this stage manual editing of boundaries may be carried out to correct any errors, with particular attention being paid to ensuring that field boundaries are fully linked. Reference may be made to both LiDAR and ATM datasets, as sections of field boundary not apparent in the LiDAR image may be
( f ) Figure 2 . Continued present in the ATM data. The corrected edge image is processed by a connected component finder, which identifies connected regions that are not too small.
Topographic and vegetation height extraction for each region
Within each region, an estimate of average vegetation height is made by calculating the region's standard deviation from the detrended height image, and using this in equation (1).
All regions for which the predicted vegetation height is small are processed first. Within these short vegetation regions, the vegetation height (v) at each pixel is calculated from the local standard deviation, again using equation (1). The topographic height at the pixel is estimated as: ground height~average height{0:1v ð2Þ
The constant 0.1 in equation (2) was estimated by fitting predicted ground heights to their measured equivalents at a set of ground control points (Cobby et al. 2001) . In regions with large average vegetation height, equation (1) overestimates vegetation height and a different approach is used. The initial estimate of the underlying topography is first improved. The inverse distance-weighted interpolation scheme used for tall vegetation regions previously is again employed, this time using the improved estimates of ground height in the short vegetation regions bordering each tall vegetation region. Thus near the edge of tall vegetation regions the dominant weights are associated with sample ground heights in adjacent regions of short vegetation, while in the region interior the heights of nearby local minima dominate. After the underlying topography has been finally estimated, it may be subtracted from the original height image, directly giving an estimate of tall vegetation height. At this stage the surface topography and vegetation height images may be interpolated to form full images using nearest neighbour interpolation. Figures 2(e) and ( f ) show respectively the surface topography and vegetation height maps derived from figure 2(a) using the method.
Measurement of habitat variables for field regions 2.5.1. LiDAR data
Habitat predictor variables (table 1) are calculated from the LiDAR image for regions of short vegetation including all fields. Region area and circularity are calculated from the region domain. Mean slope over the region is calculated using the ground heights from the LiDAR-derived surface topography map. The vegetation height map is used to estimate region mean vegetation height and standard deviation, the latter being a measure of spatial variation in vegetation height over the region. The boundary structure index is calculated as mean boundary height by traversing the region boundary in the vegetation height map. At each boundary pixel the maximum height of the pixel immediately outside the boundary and its three neighbours along a line perpendicular to the current direction of travel along the boundary is selected, and the mean boundary height is the average of these maxima.
ATM data
Other predictor variables, including vegetation type and percentage vegetation cover, may be calculated using the ATM data, which have a pixel size of 262 m, matching that of the LiDAR data. Vegetation type can be estimated by standard multispectral classification techniques. Fractional vegetation ground cover may be estimated using pixel unmixing which calculates for each pixel the proportions covered by soil and vegetation (Schowengerdt 1997) . Figure 3(a) shows an aerial photograph of a field (located in figure 1 ) at the Faringdon site where grass and clover approximately 12 cm in height are growing. Regions in the field where bare ground is visible are evident as patches of light soil, and the densest vegetation is evident as deep green. Since vegetation radiates strongly in the infrared, whereas soil is predominantly brown and therefore radiates in the red end of the visible spectrum, they can be differentiated using red and infrared bands. Figure 3(c) shows a scatter plot between red and infrared bands from contemporaneous ATM imagery, and figure 3(b) shows the spatial mapping of the coloured regions in the scatter plot. Clearly the lower right end of the scatter plot coincides with the areas of bare soil in the photography, whereas the upper left end of the plot is coincident with darker shades of green in the photography which can reasonably be interpreted as dense vegetation. An unmixing approach is being developed using these high resolution data to estimate the locations in the scatter plot of the end-members for 100% vegetation and 100% soil pixels, and the shape of the curve between them. The fractional vegetation ground cover at each pixel could be deduced from this information, allowing calculation of both the mean and spatial variation of fractional vegetation ground cover for the field. Figure 2 illustrates the ability of the LiDAR segmenter to segment a large subimage from the Severn catchment near Shrewsbury. The sub-image contains over 200 fields, and manual measurement of the habitat variables for all of these would require substantial effort. Figure 2(d ) shows that the majority of the segmentation is correct, with only a limited amount of manual editing of boundaries being required. To assess the accuracy of the segmenter quantitatively, its results for the sub-image were compared with a manual segmentation of the texture image. The segmenter was found to under-segment somewhat, with about 3% of region edges being missed. Oversegmentation errors were less evident.
Results
Even after all pre-processing corrections have been applied, adjacent swaths may have small systematic height differences remaining which, in overlap regions, manifest themselves as regions of artificially high standard deviation, increasing vegetation height in this sub-image by 9 cm on average. This effect can be largely eliminated by thinning height samples in overlap regions prior to segmentation depending on their distance from their swath centre, to give the same sample density in the overlaps as at the swath centres (Cobby et al. 2001) . This effectively removes overlap regions. An alternative would be to segment each swath separately and integrate the individual height maps after segmentation. However, the thinning process could not be applied to the data of figure 2 as it requires swath-separated data which were not available in this case. As a result, figure 2( f ) exhibits overly large vegetation heights in swath overlap regions at a number of places.
Figures 4-6 show examples of individual fields segmented from a single swath of LiDAR data of the Faringdon area. These are located on figure 1. Only small vignettes are shown because of the high frequency noise corrupting much of this LiDAR image. However, only for the Faringdon site were simultaneous LIDAR and ATM data acquired. Each of these figures shows the interpolated LiDAR data, the binary edge image (corrected if necessary), the vegetation height image, the co-registered ATM data, and the set of habitat variables measured for each field.
Surveyed crop heights and crop types were available for two of the four fields. In figure 4 the top field had a LiDAR-derived mean crop height of 85¡21 cm, compared with a surveyed height of 92¡6 cm. The surveyed height was measured using a swardstick at ten equidistant points on a diagonal transect across the field. In figure 6 the estimated crop height was 87¡24 cm, compared with a surveyed height of again 92¡6 cm. These comparisons provide some limited independent validation of equation (1) as neither field was included in the regression analysis.
An unsupervised per-pixel classification of the ATM data was carried out to identify crop types. In the Faringdon ATM data three crop types dominate; wheat, barley and pasture. The data were clustered in multi-spectral space using an unsupervised classifier, and the resultant clusters compared to known crops to determine the correspondence of crop to cluster. The selected clusters for wheat corresponded to 88% of the area of known wheat fields, barley to 80% of known barley fields, and pasture 63%. These results were used to estimate field crop type. Of the two fields whose types were known, 95.8% of the pixels in one field ( figure 4 top field) and 99.8% of those in the other (figure 6) corresponded to wheat, which agreed with the farm plans.
In figure 4 the bottom field has a higher vegetation height standard deviation than the top field, partly because it has a path running diagonally across it that is narrower than the texture window width. While this results in the field's crop height heterogeneity measure being raised as required, the path is incorrectly detected as a region of taller rather than shorter vegetation. The texture algorithm requires a region of homogeneous crop height at least the size of the texture window to determine crop height in the window successfully.
The estimates of mean boundary height for the four fields were checked by field survey, and were in good agreement with the surveyed means (figures 4(e)-6(e)). Based on this small sample, the LiDAR appeared to underestimate the boundary heights by about 10%, but this could be corrected by calibration. The relatively high boundary height of 8.1 m for the field in figure 5 is due to the presence of trees on all except its east side.
Discussion and conclusions
It is apparent that the habitat predictor variables for skylarks and other birds listed in table 1 can be measured using the LiDAR and ATM processing techniques described. The segmenter has been tested in areas other than the two considered here, and found to give consistent results, with a slight tendency to under-segment. The regression method of determining vegetation heights (equation (1)) has been shown to hold in two widely separated areas. These remotely sensed data could be used to determine whether bird-habitat models derived from intensive studies could be generalized to larger areas. They could also be used to quantify the impact of specific parameters, such as grazing intensity in the uplands, on large-area habitat variation. Bird species of high conservation concern in Western Europe, whose distributions have been shown to be dependent on sward height and heterogeneity, that could therefore be appropriate for such analysis include: geese (Anser and Branta spp.) wintering on farmland (e.g. McKay et al. 1996) , breeding corncrake (Green 1996) , stone curlew (Green and Griffiths 1994) , and chough Pyrrhocorax pyrrhocorax (Bignal et al. 1996) , wading birds wintering on grasslands (Milsom et al. 1998) and upland breeding birds such as waders (Baines 1988 ) and black grouse Tetrao tetrix (Baines 1996) . It would be straightforward to use additional segmentation techniques to expand the range of variables measured from the LiDAR/ATM data, in order to provide habitat variables for other species abundance models. For example, hedgerows and woodland might be differentiated in the tall vegetation class. Hedgerow lengths and widths might then be extracted. Hedgerow volume (length 6 height 6 width) is thought to be significant in explaining the abundance of a number of species of butterfly as well as several bird species (e.g. Green et al. 1994, Parish et al. 1995). The connectivity between hedgerows and woodland would also be known. Hedgerows attached to woodland are important in allowing a number of species to move through the landscape (Forman and Godron 1986) . Many contextual features might also be extracted e.g. the presence of open sheltered grassland such as rides within woodland is thought to influence the abundance of several species of butterfly (Greatorex-Davies et al. 1993) . The spatial patterns of habitat patches such as woodland blocks or hedgerows within the landscape, which can affect species abundance models (Hinsley et al. 1995) , might also be determined. The extraction of spatial relationships between entities would open the way to analysis and modelling using spatial statistics -a limitation of current linear models is that they ignore such spatial relationships. The use of spatial statistics could give useful indications about the scales at which modelled processes operate and at which data should be collected. Future work will concentrate on testing the efficacy of the above approach in practical studies measuring remotely sensed habitat variables over large areas and correlating these against observed bird population densities using generalized linear modelling.
